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Abstract
Online learning has been expanding for some time
but the forced move to it due to the outbreak of
COVID-19 has created new issues. This study set out
to investigate the impact mechanism of online learning
user satisfaction from the perspective of cognitive load
in the era of COVID-19 and explore ways to optimize
cognitive load in teaching practice. Semi-structured
interviews were conducted for the empirical analysis.
The coding process of the interviews yielded several
antecedents of cognitive load in the online learning
process. We also proposed a theoretical model based
on the literature review and data analysis. Findings of
the qualitative analysis indicate that the antecedents of
cognitive load are multi-dimensional and the user's
satisfaction with the online learning platform mainly
consists of the expected confirmation of the
information system and the perceived usefulness. These
findings can help us think backward about optimizing
user satisfaction with online learning in the context of
COVID-19 breakout.

1. Introduction
Online learning is an extremely important part of
education. Online learning gets continually increasing
popularity worldwide, reducing the time and space
conflicts compared to the traditional form of education
approaches [1]. By learning from the experience of
COVID-19, we can guarantee the continuity of
education with engaging and rewarding online learning
and avoid being disrupted by new natural
disasters.Class formation in online learning is a critical
task that impacts quality and retention [2].
An individual’s ability to use his working memory
to process information and make decisions is affected
by the cognitive load they perceive. Cognitive load
refers to the total amount of mental effort being used in
the working memory [3]. In the context of this research,
the cognitive load in online learning is not only
determined by the internal load of the material that
needs to be learned, but also involves the influence of
many external load factors such as the design of the
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teaching process and the complexity of the information
system used.
For example, the knowledge reversal effect rising
from the repetition effect, and the repetitive effect
comes directly from the distraction effect, and the
attention distraction effect comes directly from the
sample effect, which is explained from the internal
effect of cognitive load [4]. Secondly, teachers using
online learning platforms or presenters who set up
improper teaching procedures will also generate
external cognitive load. As cognitive load is the total
mental effort of learning and memory used in the
online learning process [5], this is the cost of a
cognitive task that affects user satisfaction [6].
Different individual cognitive levels will also produce
different cognitive loads. Therefore, the study of user
satisfaction in online learning, from the perspective of
cognitive load, is very helpful to the platform to
optimize the user experience and promote the
development of online learning.
Adopting the Cognitive Load Theory (CLT), this
study mainly focuses on the antecedents of cognitive
load generated by external factors. It explores the
internal influence mechanism of cognitive load on user
satisfaction combined with the theory of expectation
confirmation. At the same time, we also explore
whether the level of cognitive ability will affect user
satisfaction. According to the above research
background and research gaps, this study attempts to
answer the following research questions: (1) In the
context of the COVID-19, what are the factors that
affect cognitive load? (2) How does cognitive load
affect the satisfaction of online learning users, and
what is its internal influence mechanism? (3) Will an
individual with a different cognitive ability perceive
different levels of cognitive load for the same online
learning task?

2. Theoretical background
After initially closing because of COVID-19,
universities are resuming teaching gradually. Online
learning will eventually shift from a novelty to "the
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new normal". In the past, online learning played a
complementary role to traditional education. During
the period of COVID-19, online learning has
completely replaced offline learning, and has been
implemented on such a large scale for the first time
across the whole world.

2.1. Online learning
Since China launched the pilot network education
for higher education, although there are still some
problems in terms of enrollment standards, teaching
quality and security supervision, it has accumulated
more than 20 years of experience [7]. Since the end of
the 1990s, a distance education platform using the
Internet as a medium has emerged, and online learning
education in China entered the first stage. After that,
since 2013, due to the involvement of Internet
companies, large-scale online courses have emerged,
and online learning has entered the second rapid
development stage.
With the growth of individuals’ learning needs,
the use of computer networks and other information
technologies in education has been widespread and
ubiquitous, especially in the developed countries.
Online learning has risen rapidly and continues to
develop rapidly. Online learning is becoming a new
favorite in the field of education in the United States
where information technology is highly developed [8].
Online learning has received extensive attention,
not only in the social isolation context nowadays but
also in the future teaching and learning practice. There
are still many issues associated with the effectiveness
of online learning need improvement. Domestic
research on online learning focus on the study of
influencing factors. Specifically, the various teaching
phenomena that appear in the example of Massive
Open Online Courses (MOOC) are discussed
frequently by scholars. Foreign scholars are mainly
concerned about the effect of online learning on the
promotion of a professional group, while the
investigation into the mediation effects or influence
mechanism is still limited.

2.2. Cognitive load
Cognitive Load Theory (CLT) was proposed by
Australian psychologist John Sweller in 1988 [9].
Domestic researchers have commented on the
progress and development of the applied research on
human payment theory abroad. Combined with the
SSCI/SCI database, it was found that the Australian
scholar Sweller's paper on CLT published in 1988 has
been widely cited, and the cited literature is distributed
in the fields of education, psychology, computer

science, business economy, library and information, etc.
CLT has become the important theoretical basis of the
relevant discipline [10]. In the context of online
learning, Li et al. [11] analyzed the mapping
relationship between knowledge types and design
elements based on multi-dimensional attributes, and
the paths to optimize cognitive load using knowledge
visualization. Jean et al. [12] analyzed the effect of
multimedia presentation and pointed out that when
low-level learners use multimedia to read auxiliary
content and they constantly switch information sources,
this results in more "distraction" and increased
cognitive load. High levels of cognitive load will
prevent them from learning and understanding the
materials. The development of education is also
including a process of obtaining information. Epler et
al. [13] held the view that information overload will
occur when the amount of information provided
exceeds the information processing ability of the
individual's cognitive ability.
According to existing research on cognitive load
and effective teaching, these studies mainly focus on
the design of teaching content, the difference between
teaching content and the knowledge level of learners.
The traditional university curriculum has three basic
elements, represented by teachers, students, and
teaching materials, which are represented in three
dimensions [14]. Recently, the development
capabilities of the Internet has penetrated into all walks
of life. The endless appearance of variety online
learning platforms has broken the restrictions between
teaching and learning on the time and geographical
problem, decoupled the teacher and student timeline,
and the constraints of space expansion activities. It
represents the development direction of adapting to
independent learning and has aroused great attention
from all walks of life.
Regarding the long continuous time of university
courses, weak knowledge structure and complicated
knowledge points, students are generally in a state of
high cognitive load.
Through research on the influence of prior
knowledge on teaching effectiveness, Lee et al. [15]
found that attempting to reduce external cognitive load
is likely to lead students with high-level prior
knowledge to construct a redundant cognition
framework. This contradiction was particularly
prominent during COVID-19. In the context of this
research, CLT provides a theoretical framework for the
cognitive process, cognitive limitations, and online
platform curriculum design. Therefore, it is urgent to
investigate the source and find effective learning
concepts and methods to help college students reduce
load or use cognitive load reasonably to learn and
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master knowledge more efficiently. It is an urgent
problem to be solved by educators.

2.3. Expectation confirmation
The Expectation Confirmation Model (ECM)
proposed by the famous American scholar Anol
Batacheree is developed based on the Expectation
Confirmation Theory (ECT) proposed by Oliver [16].
Some scholars also call it the Information System
Expectation Confirmation Model (IS-ECM) for the
using to investigate the classic common theoretical
model of the continuous use of questions after the
adoption of information systems,
ECT was initially adopted to ascertain the
relationship among factors that affect consumer
repurchase behavior. Lin et al. [17] extracted the
concept of “net worth” from a value-based model,
which means the comparison of benefits, costs and
satisfaction. It argues that it is not enough to study only
the positive attitudes of consumers, especially if the
products or services are not obtained without cost.
Bhattacherjee et al. [18] applied a slightly modified
ECT in the field of information systems and the
original ECT ignored potential changes by consumers.
The revised ECT was modified based on others’
opinions or the expectations of the information
disseminated through the mass media, so that the
expectations after acceptance that are influenced by the
consumer’s first-hand experience can reflect the true
will more. Wolverton et al. determine a minimal set of
expectations through ETC, because existing researches
mostly used one-dimensional expectations [19].
International surveys of the Chief Information Officer
(CIO) and other senior IT outsourcing practitioners
have proven that these expectations can be combined
to affect outsourcing from original submission.
According to the definition of cognitive load on the
effort of retrieving information, many scholars have
adopted CLT to study personal information retrieval
related issues, while others study the distribution of
cognitive load from collaborative information retrieval
behavior. This includes the impact on the design of
information systems, human-computer interaction
interfaces [20] and the design of interface elements
from a microscopic perspective [21]. At the same time,
the online learning platform serves as an information
system, and evaluating whether it can help users
complete tasks is an important factor in evaluating the
success of an information system. Therefore, some
scholars usually evaluate the effectiveness of various
functional designs of information systems from the
perspective of cognitive load and usually from the
functional design of information systems. McKinney et
al. [22] studied the expectations of users of the

recommendation system to reuse , and believed that
various stimuli in the online shopping environment will
affect consumers' emotional and cognitive processes,
which in turn affect consumers' cognition processing.
In summary, it is not difficult to conclude that
perceived usefulness and confirmation expectations are
the antecedents of user satisfaction and expectation
confirmation can affect perceived usefulness.
As a widely used form of education, online
learning inevitably involves writing content in daily
teaching activities, such as virtual writing or semivirtual collaboration based on information systems.
The effect of collaboration directly affects
learning performance, and the previous evaluation of
individual cognitive load levels is still limited in the
adoption of information systems. Compared with the
online collaboration of multi-person teams, the former
evaluation method is obviously inappropriate.

2.4. Cognitive ability
Cognitive ability can comprehensively measure
individual ability. Our experience is encoded based on
established knowledge system, and the integration of
new information will be affected by the knowledge
already learned. Bein et al. [23] conducted experiments
and manipulated the participants to view the repeated
behaviours and record the observations. The results
show that prior knowledge facilitates processing and
reduces reaction time.
Online learning users construct concepts from a
priori knowledge. Therefore, the study of individual
differences in learners' cognitive abilities in this
research scenario can be reflected as differences in
prior knowledge. Lee et al. [15] studied the influence
of a priori knowledge on the effect of teaching.
Positive organizational behavior studies suggest that
when faced with stress, different individuals respond
differently. Individual characteristics and resources are
important influencing factors for individuals to cope
with stress [24]. Therefore, effective online learning
activities must take specific measures to optimize their
cognitive load and improve learning performance
according to different levels of prior knowledge of
learners.
Psychological resilience refers to the ability of an
individual to effectively adjust from adversity, conflict,
failure, and even rapid changes, process and
responsibility expansion [25]. This global-scale online
learning has accompanied the progress of the epidemic
almost all the time. It is a very important link to
explore the sources of online learning users' cognitive
load. Wu et al. [26] conducted a questionnaire survey
on 194 young people and studies have shown that the
psychological resilience index is closely related to
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mental health and well-being. Kermott et al. [27] found
that high elasticity is positively correlated with
happiness and negatively correlated with perceived
stress.
In the context of COVID-19, psychological
resilience can help users overcome the panic and
pressure of infectious diseases. It can also guide users
to make favorable choices and coping strategies when
facing epidemics, pressures and challenges [28].
Domestic scholars combined the work demandresource model and resource protection theory to
construct and test the intermediary model between
challenging and obstructive stressors and emotional
fatigue and concluded that psychological adaptability
can play a regulatory role [29]. It shows that people
with different psychological adaptability will produce
different degrees of stress when dealing with adverse
external stimulus.

3. Methods and research design
This study conducted semi-structured interviews
using interview outlines that are based on the research
questions. At the same time, we also include open
questions. We interview college students who have
experience with using online learning before. The
interviews were recorded and transcribed into the
interview draft. Antecedents of cognitive load will be
summarized according to the interview data, and the
influence mechanism related to user satisfaction.

3.1. Case study and data collection
We selected undergraduate and postgraduate
students who have studied online at several different
universities in the country in the first half of 2020 for
the perpus to discover the true feelings and satisfaction
of online learning users with online learning platforms
during the epidemic. The interviewee conducted indepth interviews with different users in two stages.
At the beginning of the online course, about 20
undergraduate students were randomly selected for the
first interview. In the second stage, major mainstream
online learning platforms have been continuously
optimized and improved, and the blending of teachers
and students has been stabilized. A second and more
in-depth interview was conducted with 10
undergraduate students who have completed all their
online courses. In addition, more information about
online courses, news and public comments have been
released, and people have paid more attention to online
learning platforms. At the same time, the Chinese
government issued a policy document on the continued
development of online learning. It turns out that all
these factors will affect users' trust in online learning

platforms. Therefore, we asked some appropriate
questions summed up from previous research and
interviewed users who use the online learning platform.
Throughout the process, we transcribed each interview
and fully analyzed the content.

3.2. Data analysis and coding
In this process, we collected empirical data to
enrich and support our research on the antecedents of
satisfaction. We encode the transcript through Nvivo11
to extract key fields to identify the antecedents and
impact mechanisms of satisfaction. For data
visualization, we used processed interview records to
generate a word cloud (Figure 1) to show the highfrequency concepts involved in this research.
As for the coding process, the first step is to extract
the important individual case and the original statement
about online learning. Then we conceptualize the
initial definition based on mature theory and integrate
the same concept into one consruction. In order to be
more organized, we use the Table 1 to show the final
results.
After the initial coding process, we summarized
the factors that affect the cognitive load of users related
to the online learning platform, and rigorously
described each antecdent of cognitive load.

4. Research model and hypotheses
According to the literature reviews and interviews,
we propose the model shown in Figure 2. The study
focuses on the new scenario of "new crown epidemic"
through qualitative analysis of interview data. The
purpose is to derive the load source factors that affect
platform user satisfaction in the context of online
learning, and to work backwards to understand which
will worsen the cognitive load.
Furthermore, we conducted this modle to
summarizes the factors that promote the improvement
of cognitive load and improve user satisfaction from
the specil perspective, widens the application boundary
of CLT, and makes theoretical contributions to the
existing literature on cognitive load.
Cognitive load and performance are two
prerequisites that affect satisfaction. The definition of
perceived usefullness of the ECM model (Figure 3) is
similar to performance. They all represent the final
grades of students in teaching. Past research is
generally based on case studies, from the positive
verification of factors that affect satisfaction. Therefore,
this model combines the above two models, and sorts
out the different influencing factors in the new
situation and before based on the interview analysis, to
explore the impact mechanism of cognitive load on
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user satisfaction. The current CLT research lacks
comment on the latest applied research and there is no
research review in information systems and other fields
[30]. This paper expands the model of satisfaction

theory by combining the new model proposed by the
information system media under the "new crown
epidemic situation".

Table 1. Results of the opening coding (portion)

Original statement (interviews on users)

Coding Process
Definition

Conceptualization

a1 Privacy violation
a2
Infectious
diseases
a3 home isolation

A1 Anxiety(a1 ， a2,
a3)

AA1
Perceived
risk(A1)

a4 Class interaction
a5 Teamwork
a6 Classroom
atmosphere

A2 Influence of
related people
around(a4，a5，
a6)

AA2 Social
factors(A2)

I have more time to prepare for my
studies(a7)……I can choose a quieter and more
comfortable environment to take classes(a8)……I
can check for missing vacancies at any time(a9).

a7 Sufficient
preparation time
a8 Choose a place
that is good for
learning
a9 Learn according
to the situation

A3
Reasonable
arrangement of time
(a7，a8)
A4 Reasonable
arrangement of places
A5 Control the
learning process(a9)

AA3
Perceived
autonomy(A3
，
A4，A5)

Teachers will distribute multimedia materials in
advance(a10)……Teachers usually review and
answer the questions in the previous lesson before
explaining the knowledge of this lesson(a11)……I
will arrange my courses more evenly so that I have
enough time to prepare for other things(a12).

a10 Rich course
content
a11 Reasonable
course content
organization
a12 Reasonable
course organization

A6 Online course
content quality(a10，
a11，a12)

AA4 Content
quality(A6)

Sometimes I accidentally “raise my hand” or quit
class(a13)……I
like
easy-to-use
software(a14)……I sometimes experience software
crashes(a15).

a13 Operation error
a14 Simple function
a15 Stable
performance

A7 User
experience(a13，
a14,a15)

AA5 Selfefficacy(A7)

I think online courses will be easier than offline
courses(a16)……I feel that online exams are
complicated and I can’t concentrate (a17)……I fell
sometimes the course progresses fast, and the group
display time is usually not enough(a18).

a16 Easy work
a17 Examination is
difficult
a18 Curriculum is
unreasonable

A8 Internal
cognitive load(a16 ，
a17)
A9 External
cognitive load
(a18)

AA6
Cognitive
load(A8，A9)

I think the software used in the class is very
complete and can meet my requirements(a19).

a19 Meets users’
expectations

A10
Expectation
confirmation(a19)

AA7 Expectation
confirmation(A10)

I am not very satisfied with my grades this
semester(a20)……I am not efficient enough to
study(a21).

a20 Final grade
a21 Learning
efficiency

A11 Learning
performance
(a20，a21)

AA8
Perceived
usefulness(A11)

I don’t want to turn on the camera, but also worry
about leaking my private life(a1)……I am very
worried about the infection of myself and the
people around me(a2)……During the epidemic,
restricting going out would affect many aspects of
my study, such as being afraid to go to the hospital
when I was sick, unable to go out to print learning
materials, and purchasing school supplies(a3).
When I was taking online classes, I expressed
myself more calmly and actively(a4)……I felt
strenuous when communicating with the team
members(a5)……When the classroom atmosphere
is active, I will focus more on learning(a6).

Categorization
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suggestions and behaviors of important people
around them during the online learning process.
In summary, we propose the following
hypotheses about traditional factors:
H1a. Social factors has a significant negative
effect on cognitive load.

Figure 1. Indicative word cloud of transcripts

Figure 2. Research model of satisfaction for online
learning user

Figure 3. The Expectation Confirmation Model
Social factors are similar to the subjective norms
in the planned behavior theory (TPB) and social
factors in the social cognitive theory (SCT).
From the perspective of social cultural
constructivism, the interaction between students and
teachers is conducive to promoting knowledge
construction [31].
At the same time, most of the students in the
interview mentioned that in the live online learning,
because online participants cannot "see" other
participants, they are more inclined to express their
opinions and communicate with students and teachers
more easily [32]. During the presentation session, the
synchronous communication tool not only allows
multiple users to communicate using SMS, but also
enhances the student’s learning outcomes, thereby
reducing cognitive load. In the context of this study,
social factors refer to users being influenced by the

Perceived autonomy means increased flexibility
in terms of time, place of participation and learning
progress ， and this also reveals that the more
autonomy students have in online learning, the more
problem of inability to concentrate at the same time
they will faced [33][34]. More specifically,
autonomy comes from realization involving personal
responsibility, self-control, devotion, cognitive
dedication, etc. [35]. Matthias et al. draws on models
of self-regulated learning theory and CLT to develop
further to advance perceived autonomy and CLT
[36]. In the online learning process, the higher the
user’s autonomy is, the worse beneficial it is to
optimize cognitive load.
In summary, we propose the following
hypotheses about traditional factors:
H1b. Perceived autonomy has a significant
negative effect on cognitive load.
Content quality refers to the quality of the online
learning platform course content in the context of this
research. A widely used practice is that cognitive
load can be optimized through planning and flexible
content management and cooperative learning [37].
In view of the limited working memory ability of
learners, devoting to improving the quality of
learning content can reduce redundancy and
complexity, weaken the internal cognitive load and
enhance the professionalism of learners [38][39].
In summary, we propose the following
hypotheses about traditional factors:
H1c. Content quality has a significant negative
effect on cognitive load.
Self-efficacy refers to the ability of users to
perceive whether they are qualified for this task when
experiencing new learning methods. Similarly, it is
also an observation point for the assessment of ability,
which can be traditionally understood as selfconfidence. Murat et al. proposed that self-efficacy
and preventive behaviors derived from the severity of
COVID-19 are related to mental health or cognitive
ability [40]. An AR-Based Case Study conducted by
Liu et al. [41] showed that well-designed
collaboration can guide students with low self-
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efficacy in deep learning and effectively reduce the
cognitive load. The stronger the user's self-efficacy,
the stronger the self-confidence of the online learning
task. Thus, we propose the following hypotheses
about traditional factors:
H1d. Self-efficacy has a significant negative
effect on cognitive load.
If the user is subjectively more concerned about
the changes in their own physical health and the
degree of impact on the social environment, there
will be expected perceived risk, then the risk is
conceptualized as subjective uncertainty [42][43].
Users are likely to face potential psychological
obstacles when learning online. For example, Lee et
al. [44] develop an extended model that processes the
perceived risk of influenza virus as a bad influence
factor on online learning. High-risk concept is also an
obstacle to travel intention [45] and force users to
spend more time searching for relevant information
to avoid risks [46]. In online learning, sharing
information through the platform including using
voice and the camera will also cause more privacy
issues, compared with the period before the epidemic
[47][48].
In summary, perceived risk can be used as a
special influencing factor of COVID-19 to measure
the user's perception of cognitive load in this regard.
Therefore, we propose the following hypothesis:
H1e. Perceived risk has a significant negative
effect on cognitive load.
Some schoolers recently investigated the
relationship between expectation and cognitive
load ,and the findings show that when users pay
lower cognitive effort, the sensory information and
expectation confirmation match [49][50]. Therefor,
we propose the following hypotheses:
H2a. Cognitive load has a significant negative
effect on user expectation confirmation.
Many studies have verified that cognitive load
could be a very critical keys explaining seasons for
achievement, especially based on online learning
[51][52].When it comes to High cognitive load
conditions, significantly decreasing of the systems
score of perceived usefulness and the user’s ability to
recall the responses get obviously [53]. In summary,
we propose the following hypotheses:
H2b. Cognitive load has a significant negative
effect on perceived usefulness.

Satisfaction with the information system depends
on the degree to which the website meets these
expectations proposed by ETC [18]. If people
achieve the desired performance results with reduced
cognitive ability, they will be more satisfied with the
platform [54]. Relevant research on post-adoption
needs to be taken seriously, as existing discussions
are more focused on the pre-factors of initial
adoption of information technology (such as mobile
wallets). [55][56].
Therefore, we propose the following hypothesis:
H2c. Expectation confirmation has a significant
positive impact on satisfaction.
Perceived usefulness refers to the efficiency
users perceived that the platform produced. Perceived
usefulness is not only related to the user’s initial
adoption of the information system [57], which has
strong relation to ECT, but also an important factor
that affects user satisfaction and continued use
intentions [58].
Subsequent research also concur that there is a
positive correlation between perceived usefulness and
user satisfaction [59][60]. It showed that perceived
usefulness has a direct impact on user satisfaction.
Therefore, we propose the following hypothesis:
H2d. Perceived usefulness has a significant
positive effect on satisfaction.
Expectation and performance are two important
concepts in expectation confirmation theory. The
concept of fair performance comes from the theory of
equity expresseing that performance norms based on
personal costs and investment and expected returns
[61]. What’s more, Anil et al. [62] developed a model
verified that pre-adoption performance/effort
expectations affects user confirmation, and then
affects post-adoption perceived usefulness, perceived
safety, and user satisfaction. Therefore, we regard
perceived usefulness as post-adoption and the expect
confirmation to be understood as pre-adoption to
propose the following hypotheses:
H2e. Expected confirmation has a significant
positive effect on perceived usefulness.

5. Conclusion and future research
5.1. Conclusion
Online learning is vital to educational reform.
This research puts forward new insights on the
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impact mechanism of user satisfaction on online
learning platforms, involving the context of the
COVID-19 breakout. It meticulously distinguishes
cognitive load antecedents in different aspects. In
this study, we summarized some preliminary
conclusions based on the questions raised at the
beginning of the study.
For the first research question, we found that the
influencing factors of cognitive load are very strongly
related to the of platform satisfaction. They can be
divided into conventional factors and specific factors
that are caused by the COVID-19. The conventional
factors include social factors, perceived autonomy,
content quality, and self-efficacy.
For the second research question, we found that
the antecedents of satisfaction which were mentioned
by most of the users interviewed repeatedly can be
summed up in two constructs. One of the two is
expectation confirmation which has more to do with
the information system, and the other is perceived
usefulness that has a connection with learning
performance. The relationship is very complicated
among those nodes.
For the last research question, a very typical
phenomenon shows that the cognitive load perceived
by people with different educational levels may be a
research gap. Therefore, a separate study should be
conducted to excavate the differences among users
with different cognitive ability. This is extremely
significant for personalized education.

5.2. Limitation and future research
As this research is still in the process of iterative
exploration, it still has many unknowns and research
flaws. First of all, this research only investigated the
satisfaction with online learning platforms of higher
education university students. However, as the
background of the continuous development of the
current online learning platform, the investigation of
the majority of primary and secondary school
students cannot be ignored. Second, due to time and
financial constraints, our data is limited. Third, in the
following data collection, more attention should be
paid to the development of questionnaires, and user
reviews of mainstream online learning platforms in
the application store should be collected to test the
improved model.
In future research, we may pay more attention to
the collaboration of users with different educational
levels and the willingness to continue using the
online learning platform. In addition, the interview
data that has been collected is more focused on
breadth of exploratory research. After that, more
interviews and in-depth exploration are needed to

achieve a combination of qualitative and quantitative
methods to correct the model, and in a practical sense
contribute to the scientific research of online learning.
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